In the IEA PIRLS International Report, a number of indices of reading related constructs were introduced for the purpose of explaining the variation in reading achievement. These indices, however, involve reliability and validity problems, due to the way in which they are derived and due to the quality of the data. Targeting these problems, the current study investigates the measurement properties of some of these reading related factors by a multivariate latent variable modelling approach. The data is drawn from the PIRLS questionnaire data of the 4-graders in six countries. Factor scores of these constructs are simultaneously estimated for each individual in the modelling process. The results indicate that the most significant advantages of factor score approach is the efficient use of the available data to estimate factor scores with higher reliability and validly, which may be a better alternative to the observed index scores. 
• Indicators of each reading related factor might work differently across countries due to social and cultural differences. The composite or index of a construct may not be able to capture such differences.
• It is typically assumed that indicators contribute equally to the index they measure.
However, this assumption may not hold since a construct may explain different amounts of variance in different indicators.
• Measurement errors and missing responses for the components of the index cause a low reliability.
• Little is known about the validity of these reading related indices.
Consequently, these problems may affect the predictive power of reading achievement results, and attenuate the relationship of the composite or index of a construct with other constructs.
One way to deal with these methodological problems may be to adopt a multivariate approach, by which the questionnaire variables are represented by latent variable models in confirmatory factor analysis. This approach allows testing of the hypothesized model fit against data, optimally weighting each of the indicators to its underlying factor, and dealing with partial non-responses. Latent variable models also allow the estimation of individual factor scores that may be treated as observed variables in regular analysis procedures. Thus, there are reasons to believe that the latent variable scores are better estimates of the intended constructs than the indices reported in the PIRLS International Report.
Accordingly, one aim of the current study is to apply such a latent variable approach to measure the five aforementioned constructs, examining the dimensionality of the constructs and their model fits. Another aim is to investigate the possibility to produce 3 individual factor scores from these models and to compare their measurement properties with those of reported indices.
Method
In this section, the variables and data information involved in the current study are first presented, followed by an introduction of the analytical methods for examining the measurement properties of the constructs and for factor score estimation.
Data and Variables
Grade 4 PIRLS samples of six countries (i.e., Canada, England, Germany, Italy, Norway and Sweden) were included in the current study. The variables that were used to create the observed indices were also applied in the current multivariate analysis. In Table 1 , the constructs and their indicators are presented. Altogether, 29 variables were involved in the measurement of the constructs. There were at least 4 indicators for each construct. It should be noted that question14 in the home questionnaire (i.e., the highest level of education completed by the child's father and mother) involves two variables, ASBHEDUF and ASBHEDUM. A single variable representing the highest educational level of either parent is derived from them and applied in measuring Home Educational Resources Index (HER). In addition to these indicators, the standardized total reading achievement score computed from the mean of the 5 plausible values (INTTOT) was included in the analyses. (Insert table 1 here)
The observed indices were typically created in such a way that the mean of the indicators of each construct was calculated and categorized into 3 categories (i.e., high, medium and low (Mullis, Martin, Gonzalez & Kennedy, 2003) . Students who are partially missing on the indicators might either be unreliable or coded as missing in their derived index scores. Table 2 shows the number of total valid cases in each country, the percentage 4 distribution of observed and missing cases in the index scores, as well as their reliability (i.e., Cronbach Alpha). (Insert table 2 here)
The number of missing cases in Table 2 indicates the amount of students who has no estimate on each index. The amount of missingness tends to be greater in the observed indices, in which variables from the Home Questionnaire are involved. This is due to the low response rate in this questionnaire in some countries. In England, for example, almost half the cases lacked information on HER, EHLA, and PATR. Germany also had a very high proportion of missing responses on HER. It is more likely that the missingness in the parental indicators is not independent of the parents' attitude towards reading and students' reading achievement. The reliability of the indices was not very high, typically around .50 -.70.
Analytical method
A latent variable model is often used to represent the dimensionality underlying a set of indicators, and the constructs in such a model produce the variation in their indicators (Allen & Yen, 1979; Fornell, 1982; Gustafsson & Balke, 1993; Yang, 2003) . In the confirmatory factor analysis framework (CFA, Bollen, 1989; Kline, 1998) , latent variable models may be tested for the discrepancy between the model and the set of observed variables, with respect to goodness-of-fit, and with reliability and validity of the measurement provided by the indicators.
The relative importance of each indicator to its factor or factors is captured by the standardized factor loading, and the squared factor loading reflects the amount of variance in the indicators being explained by the factor. When an index is constructed from a set of indicators, it is assumed that the indicators contribute an equal amount of variance to the index, and an equal weight is thus assigned to each indicator. This is, however, not optimal as factor loadings do vary. Factor score estimates, on the other hand, take into account variations 5 in factor loadings and residual variances, and may thus have better measurement properties.
Factor scores can be used as ordinary observed variables "for diagnostic purpose as well as inputs to a subsequent analysis" (p. 259, Bentler & Yuan, 1997; see also, Jöreskog, 2000; Jöreskog, Sörbom, Du Toit & Du Toit, 2001 ).
The factor analyses and factor score estimation in the current study were carried out with the Mplus program (Muthén & Muthén, 2004) . One advantage of Mplus is that missing data is allowed in model estimation and in the estimation of factor scores. Mplus detects missing patterns in the data and efficiently uses the available information to estimate a model based on the covariance matrix of each pattern of missing data. (ExpectationMaximization Algorithm, Little & Rubin, 2002; see also, Muthén, Kaplan & Hollis, 1987; Muthén & Muthén, 2004) . Another advantage of Mplus program is the possibility to assign a weight and a cluster variable in the model estimation, to correct the standard error estimates for the bias caused by the stratification and cluster sampling design in PIRLS.
In the current study, separate factor models for each reading related factor were tested in the first step. These factor models were then joined together in an oblique model by correlating the five factors. The factor scores estimated in such a model might be more reliable, benefiting from the extra information from the indicators of other factors. It should be noted that individual factor scores are not the factor itself, but only estimates from the observed variables, which causes unreliability or lack of determinacy (i.e., correlation between the estimated factor score and the factor true score, Muthén & Muthén, 2004; see also, Rozeboom, 1988; Vittadini, 1989) . There are many different methods, which may be used to estimate factor scores. However, factor scores estimated by different methods often are highly correlated, which means that the indeterminacy is largely unrelated to the estimation method (Bollen, 1989) . 6 low factor determinacy was observed for the missing patterns in which many responses were missing. To achieve a determinacy at least around .70, a cutting point of the maximum number of missing observations was therefore set for all the five factors. Thus, cases that had too few valid indicators were assigned a missing value code.
Results
The data analysis was done in three steps. The latent variable models for each index were developed to fit Swedish data in the first step. In the second step, factor scores were estimated for each individual student in the Swedish data. The factor score approach was further evaluated by applying it to the data from Canada, England, Germany, Italy and Norway.
The Measurement Models of the Five Reading Related Factors
First, a basic one-factor measurement model was fitted to the indicators of Home Educational Recourses (HER), Early Home Literacy Activities (EHLA), Parents Attitudes Towards Reading (PATR), Students Attitudes Towards Reading (SATR) and Students Reading Self-Concept (SRSC). Each model was evaluated with respect to goodnessof-fit indices. The five basic models, however, did not fit their data, and further steps were taken to improve the model fits.
As is shown in Figure 1 , the latent construct in the basic one-factor measurement model affects all the observed variables. No constraints are imposed on the relations, and the degree of influence from the latent construct may vary across indicators.
Each indicator is also affected by a measurement error, which variance is left unexplained by the latent factors. This residual represents a mixture of random error and factors specific to the observed variable. In the basic model the residuals of the observed variables are uncorrelated, but the model may be modified to allow covariances of the residuals, 7 representing the communalities among them. This is one way to improve the model fit.
Another way to improve a poor-fitting model is to introduce more latent variables, for example a residual factor that is related to a subset of the observed measures.
It could be argued that if a model does not fit the data, no meaningful interpretation of factors and factor scores from the model can be made. It could also be argued however that over-modifying a model to achieve better fit may introduce unnecessary parameters that are not replicable, which may disturb the estimation of factor scores. In order to investigate this issue comparisons have been made between factor scores computed on the basis of both unmodified (i.e., the one-factor basic model) and modified models (i.e., the improved model).
(Insert figure 1 about here)
Home educational resources. The reported index Home Educational Resources (HER) is formed as a combination of categories of three questions from the Home
Questionnaire (HQ) and five questions from the Student Questionnaire (StQ, see Table 1 ).
Parents reported the number of children's books at home as well as their own educational level. Students also answered the questions about the number of books at home and their ownership of a computer, a daily newspaper, books and a study desk.
The model fit of the basic model for HER was rather poor (see Figure 2 ), which indicates that one factor may not be sufficient to account for the variances in the set of indicators. The model was modified by introducing a residual factor (STUDP) that was related to the possession variables from StQ, and this model fitted the data better.
(Insert figure 2 about here)
The patterns of factor loadings on HER are quite similar between the Basic and Improved Models. The highest loadings were found for the number of books at home and the number of children's book at home. The parents' highest educational level also had a rather 8 high correlation. For the remaining indicators, relatively low factor loadings were observed.
In the Improved Model, a narrow residual factor STUDP was identified by students' own possessions and number of books at home. It may thus be concluded that the HER index is not uni-dimensional since at least two latent variables is underlying this set of indicators.
However, the general HER factor was quite similarly defined according to the changes in the factor loadings and residuals in both models. It may be noted that the loadings of PATR were quite sizable in both models.
The highest loading was observed for the question about parents' enjoyment of spare time reading, while the statement of reading being an important activity at home had the lowest.
PATR explained about half of the variance in the other three variables. The correlated residuals indicated the possible existence of other dimensions in these data. However, in order to properly identify the additional factors more indicators may be needed.
Students' attitudes towards reading. The indicators of Students' Attitudes
Towards Reading (SATR) were quite similar to those of PATR, even though there were six statements instead of five. Figure 5 presents the models of SATR. The basic one-factor model had relatively good fit, although the ratio between chi square and degrees of freedom indicated that there was some room for improvement. In the improved model a covariance of two residuals was introduced.
(Insert figure 5 here)
The factor loadings of SATR varied considerably over indicators but were highly similar for the two models. The highest loadings were on variables "reading is boring" and "I enjoy reading", where SATR accounted for over 70 % of the variance in the indicators. The lowest loading (.08) was observed for the statement "I need to read well for the future". It might be that the statement holds true for most students regardless of their attitude towards reading.
Students' reading self-concept. The Students' Reading Self-Concept Index (SRSC) was based on four statements about students' perception of their own reading abilities.
(Insert figure 6 here)
As for the other indices, the Basic Model did not fit the data very well (see Figure 6) . However, the model fit improved dramatically when the communality in two residuals was taken into account. Since the chi-square was lower than the degrees of freedom in the improved model, RMSEA could not be computed for this model.
The highest loading were observed for the item asking about how easy the student experienced reading to be, and "I understand almost everything I read" had the lowest loading. The indicators of SRSC were quite unevenly related to the latent variable. The amount of variance in the observed variables explained by SRSC varied between 7 to 52% in the Improved Model.
To sum up, results from the measurement of the five reading related factors showed that, the basic one-factor model did not fit the data. However, the model fit improved greatly by either identifying an additional residual factor or introducing covariances among residuals. It was also observed that the factor loadings were in general rather similar between the Basic and Improved Model, which means that the improvement made in the model does not affect the definition of the factors.
Factor Scores
The measurement models for each reading related construct were joined together in an oblique model, in which the five factors were correlated. This was done separately for the Basic Models and the Improved Models. Two sets of factor score estimates were thus achieved, which allow comparisons between them.
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There are several advantages in applying such an oblique model to estimate factor scores. One advantage is that more information is available from the correlated factors and their indicators, which improves the reliability of the individual factor score estimates, especially for the cases with partial missingness in some of the indicators of each factor.
Another advantage was the practical convenience compared to the alternative procedure to estimate factors scores for one factor at a time.
It should be noticed that the factor score determinacy could be rather low for the complete missing cases. In order not to jeopardize the reliability of individual estimates, and to achieve a determinacy about .70, the factor score is set to missing if the student has only 2 or fewer responses on the indicators of the factor. Since the Home Educational
Resources factor (HER) involves indicators from both the Student Questionnaire (StQ) and the Home Questionnaire (HQ), the aforementioned missing rule is applied to the indicators from StQ and those from HQ separately. Thus, if an individual has 2 or fewer responses on either the HER indicators from StQ or those from HQ, the factor score of HER will be coded as missing. Table 3 showed the percentage of the cases with a factor score estimate and of those are set to missing, in reference to the total sample size in each country. Comparing to the percentages of missing and observed cases in the derived index scores (see Table 2 ), fewer cases were missing in the factor score estimates.
(Insert Table 3 here)
The fit of both oblique models are acceptable, with the fit of the oblique model based on the improved models being considerably better than that of the model based on the basic models (see Table 4 ). (Insert table 4 here)
The estimated correlations among the factors ranged from .13 between EHLA and SATR to .56 between HER and EHLA. High correlations were also found between Students' Attitudes Towards Reading and Students' Reading Self-Concept. As noted in Table   4 , the correlation estimates did not differ much between the two models. Greater differences were found in the correlation between HER and EHLA, and between PATR and EHLA, which factors reflect the characteristics of parents and family. Although further analyses of the interrelationships between these latent variables are warranted, such analyses are outside the scope of the current paper. Table 5 presents the correlations between each pair of factor scores estimated in the Basic and Improved Oblique Models. Labels for the factor scores are the same as their factor counterparts, although no longer being in italics. All the correlations were close to unity, the lowest correlation being observed for EHLA (.98). Thus, the factor scores estimated from the Basic and the Improved Models seem to be interchangeable. Results from further analyses involving the two sets of factor scores are, however, reported below. (Insert table 5 here) It should be observed that the latent variables identified in a CFA model are error-free, but this is not true for the factor score estimates. That is because the factor scores are estimated from the error-laden observed variables, involving both the factor loading variances and residual variances of each indicator. However, factor score may have better measurement properties compared to the corresponding observed index, due to the more effective use of the information in the data.
In the next step, correlations between reading achievement and different representations of each reading related constructs were computed. These representations of the constructs are observed index scores, factor scores estimated by the Basic Oblique Model, factor scores from the Improved Oblique Models, and the latent variables. The correlations are presented in Table 6 .
(Insert table 6 here) 13 It is interesting to note that the correlations of reading achievement with the observed index scores are considerably lower than the correlations with the factor scores and with the factors. The greatest differences among these correlations were observed for EHLA. This, as mentioned previously, may be due to the less efficient use of data in the observed indices. The great increase of the correlations may thus be an evidence of the advantage of the current factor score approach in improving the reliability and validity, even when a factor is measured by retrospective questions.
The correlations between the latent variables and reading achievement were generally higher than those obtained with individual factor scores. This can be explained by the fact that the error variances involved in the estimation of factor scores may bias the correlation downward. However, exceptions were also found in the correlations between reading achievement and factors EHLA and PATR, which correlations were lower than those with their factor score counterparts (see column 4 and 5 in Table 6 ). This may be due to the data quality of the indicators of EHLA and PATR, since the variables from the Home Questionnaire have lower response rate and thus low reliability. It may also be due to the specification of the improved model for EHLA and PATR, in which introducing the covariance between two of the residuals caused the factor loadings of the indicators to drop considerably. It can, however be concluded that the estimated factor scores seemed to work excellently, and that the factor score approach seems to be a promising alternative to the observed indices for these five constructs. Whether or not the factor score approach can be fruitful for comparative data are to be investigated in the next step.
Cross Country Comparisons
The two oblique models that have been tested with Swedish data were applied to the data from five other countries, namely Canada, England, Germany, Italy and Norway. The model fits of the two oblique models for each country are reported in Table 7. 14 (Insert table 7 here) Since the model was modified according to the Swedish data and the modifications may not be replicated for all other countries, misfit of these models for other countries' data may be expected. However, for both models, the RMSEA was acceptable and quite similar across countries, with the fit of the improved model being better. The factor loadings were in both models, with very few exceptions, quite similar to each other and across countries. The correlations between the two factor scores for each index also were close to unity for the five indices in all six countries.
In Table 8 , correlations between reading achievement and the different measures of the intended constructs are presented.
(Insert table 8 here)
As is shown in Table 8 , the patterns of these correlations reported for Sweden are confirmed by the results from the other countries. For all constructs, the correlations between reading achievement and observed indices were considerably lower than the correlations with the estimated factor scores and with the latent factors. As expected, the correlations between reading achievement and the error-free factors are the highest among all the estimated correlations in all the countries. Again, exceptions are found in the correlations with EHLA and PATR, due to the same reasons as mentioned previously for the case of Sweden. The estimates of the correlations of a particular construct with reading achievement generally were highly similar over countries, even though it may be noted that in several instances somewhat lower correlations were observed for Italy than for the other countries.
For Germany, the correlations between HER and reading achievement do seem to be higher than for the other countries. Another advantage of the procedures used here is that they allow estimation of factor scores from cases who have not responded to all the items. This allows fuller use of the available data, and reduces the risk of bias caused by list-wise deletion of cases with missing data. It should be stressed, however, that care must be taken to assign missing data codes to those cases for which the available information is insufficient to allow reliable estimation of the factor score, since otherwise noise will be introduced into the data.
It is interesting to note that the factor score estimation method deals with missing data in a similar way as does the IRT procedure used to estimate achievement from the matrix-sampling designs used in many large-scale assessments. A possible future development may be to apply matrix-sampling design ideas to the design of questionnaires as well, allowing for broader coverage of the constructs.
Yet another advantage of the factor score estimation procedure is that the resulting scores may be used in standard statistical analyses, such as regression analysis or multi-level analysis. Latent variable models, which are another alternative, tend to become unwieldy when they include measurement models for large sets of variables and many groups of cases. 16 greater ease and simplicity. According to the model fit criteria employed in CFA most of the basic one-factor models fitted the data rather poorly, while the improved models fitted the data very well. Still the factor scores computed from the basic and the improved models correlated close to unity for most of the constructs, and they had similar correlations with reading achievement. These patterns of results suggest that model fit is not important for the usefulness of the factor scores. One reason for this may be that the estimated factor scores mainly are functions of the unstandardized factor loadings, and these did not differ much between the basic and improved models. It is, however, conceivable that other types of modifications than those employed here may affect the factor loadings more strongly, which in turn may cause less agreement between factor scores estimated from unmodified and modified models. Further research seems to be needed on this issue. Note. The subscripts "b" and "i" in the names indicate the models from which the factor scores are estimated. Figure 6 . Latent Variable Models of Students' Reading Self-Concept
